ABSTRACT This paper evaluates brain functional connectivity (FC) using Electroencephalography data from 18 healthy subjects using visual oddball paradigm. We have evaluated the effect of different oddball tasks in different time segments. We have also compared the brain FC between the resting state-task data and task-task data. The trials from oddball tasks were averaged to form grand-average event-related potential. Each epoch was divided into six segments with fixed time interval. Coherence was used to compute the pairwise connections between 10-20 electrodes and adjacency matrices were formed. The threshold of 0.9 was set to binarize the matrices and form undirected graphs. Graph parameters (node degree, network density, and betweenness centrality) were used to quantify the networks. Node degree within a brain lobe was summed to form a brain regional activation graph. Node betweenness centrality was used to study the dynamic changes of the hub nodes in different oddball tasks. Edge betweenness centrality was used to quantify the significant functional networks in different oddball tasks. Results show that 1) denser brain network was found in target with response (TR) case as compared with target with no response and no target no response cases especially over 3 rd , 4 th , and 5 th time segments which are before and during P300 period. 2) Higher brain activity in terms of node degree is distributed over all brain regions for TR case than the other two cases. 3) It is also observed that the parietal node is significant for P300 response. 4) Interactions among parietal, central, and temporal regions are significant for motor response that is only observed for TR case. The present findings suggest that our methodology is able to identify differences in FC patterns elicited by different oddball tasks for different brain states in different time segments.
I. INTRODUCTION
In the past few decades, neuroscientists have paid special attention to study brain connectivity and this is still a very active area of research. Brain connectivity is usually referred to as the coupling among neural regions in the brain. Brain connectivity can be divided into three categories: structural connectivity, functional connectivity (FC) and effective connectivity. The connections among the anatomical and physiological structures of the brain are commonly referred as structural connectivity. FC is usually defined as the statistical dependencies between spatially unconnected or remote neurophysiological regions.
Effective connectivity is referred to as the influence one neural system exerts on another [1] .
Neuroimaging techniques such as Magnetic Resonance Imaging (MRI), Diffusion Tensor Imaging (DTI) can be used to obtain anatomical or structural connectivity however, dynamic couplings among the brain cortical regions remain unclear in this case. FC can be estimated from the information provided by functional MRI (fMRI), electroencephalography (EEG) and magneto-encephalography (MEG). The fMRI has an advantage of high spatial resolution in FC estimation. However, the main drawback of fMRI is that it has lower temporal resolution (∼1s) in contrast to other neuroimaging techniques like EEG and MEG. For the short duration cognitive processes (typically of the order of ms time scale), fMRI is not able to capture the dynamic activity of the brain as the processes require excellent temporal resolution. EEG has an advantage of excellent temporal (timing) resolution that can be used for the dynamic connectivity estimation. EEG along with appropriate signal processing methods is able to analyze information about the brain networks elicited during short duration cognitive tasks [2] , [3] .
Event Related Potential (ERP): ERP measures the brain electrophysiological response to the stimuli from the cognitive, sensory and motor events such as oddball tasks [4] . In an oddball task, the participants are required to distinguish the target and non-target stimuli by giving response to the target stimuli and do nothing when non-target stimuli appear. ERP can be obtained by time-locking the EEG signals to the response events; e.g., motor event. P300, a large positive potential elicited over parietal and central regions of the brain in response to the target stimuli can be obtained from the ERP. Target stimuli can be differentiated from the non-target stimuli based on P300 which has a peak latency between 250 ms and 500 ms from the stimulus onset. In [5] , Polich claimed that essentially a positive peak component, known as ERP P3(P300) component, is elicited after the onset of the oddball target stimuli in the time interval 300 -600 ms during an ordinary two-stimulus oddball paradigm. This peak is observed in central posterior (parietal) region. They also mentioned that several previous studies conducted using EEG and fMRI modalities provide favorable evidences of the presence of neural coherence between the parieto-temporal lobes and frontal region.
Oddball task is a cognitive task and it is widely used by the cognitive science researches. In an fMRI study [6] , the researchers used an active visual oddball paradigm. They reported that the target (infrequent) stimuli evoked intense cortical activations that were distributed in the occipital cortex, connected areas like temporo-occipital region, in supramarginal gyrus (SMG -part of parietal lobe) and intra-parietal sulcus (IPS -part of parietal region) which are mainly used for visual senses and perception. The responses elicited by the target stimuli were also observed in the middle frontal gyrus (MFG -portion of frontal lobe), superior frontal gyrus (SFG -part of frontal region) and middle temporal gyrus (MTG -part of temporal lobe) which corresponds to the working memory related paradigms. In addition, significant activation was found in inferior frontal gyrus (IFG -part of frontal lobe) as well as in premotor area and anterior cingulate cortex (ACC -part of frontal lobe) which is related to the motor planning and sensorimotor integration.
In another study [7] , Fukami et al. investigated the changes in temporal perspective for the source activations elicited by the target stimuli for an oddball event using fMRI. They reported that intensive cortical activation is observed in right dorsal lateral prefrontal cortex (DLPFC) in the last segment of the stimulus event. This activation is related to working memory mechanism as the target stimuli is involved in greater working memory integration in contrast to the non-target stimuli. Some activations were also found in motor area as the motor response is required for completing the event. Another study conducted by [8] shows the target and nontarget stimuli activated the primary visual cortex which has a function of visual perception. The response event elicited the activation in the motor area. They also claimed that the connectivity between frontal and parietal regions is involved in target detection process. The network shows attention and working memory processes associated with target detection.
In [9] , Fajkus et al. studied the effect of stimuli during visual oddball tasks using fMRI. Their fMRI study shows that strong activation is observed in the left precentral and postcentral gyrus which may be due to the motor response to the target stimuli. They also discovered higher hemodynamic activity modulation in inferior parietal lobule which is related to attention mechanisms and decision making. They also noted that increasing activity in left paracentral cortex and inferior parietal lobule is due to the target stimuli processing. Another study was carried out by Brázdil et al. [10] using fMRI combined with a statistical method known as dynamic causal modelling (DCM) to estimate the brain connectivity elicited by an oddball event. They stated that frontal and parietal regions are highly activated by target stimuli as compared to the non-target stimuli. Hence, we may conclude that fMRI modality offers excellent spatial precision as compared to EEG and MEG. However, fMRI has several drawbacks like it has limited temporal resolution due to its limitations of hemodynamic responses and also it is costly [3] . The studies summarized above only identify several areas of activation during visual oddball tasks. However, these studies are not able to figure out the neural communication between different cortical regions.
FC estimation is always dependent on the changes of neural activity over time and therefore EEG is commonly used as the FC measure for very short time scales [11] . EEG signal has various frequency components known as rhythms, typically ranging from 0.5 Hz to 100Hz. EEG rhythms play a significant role in the description, understanding and analysis of the brain functions. The EEG signal consists of five rhythms [12] : delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (12) (13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) and gamma (>30 Hz) [13] . Each rhythm has its own particular function [14] . Table A in supplementary data summarizes the EEG rhythms and their respective general characteristics.
In EEG based studies Kaiser and Lutzenberger [15] , Başar et al. [16] , and Başar [17] noted that gamma band activity has interwoven cognitive and sensory functions. Many researchers have studied gamma band oscillations and gamma synchronizations using auditory and visual oddball tasks [13] , [18] - [21] . Thus, we believe that gamma band is significant for cognition study during oddball task and therefore, we have chosen gamma band for our analysis.
EEG along with several signal processing techniques is commonly used for the brain connectivity estimation [22] . For example, Fourier Transform [23] , Wavelet Transform [18] , Hilbert Transform [24] , etc. These techniques transform the EEG time series signal into timefrequency domain. On the other hand, classical methods (linear or non-linear) can also be used for the brain connectivity estimation. For example, linear methods like cross-correlation [25] , covariance [26] and coherence [23] . Phase-locking value (PLV) [27] is a non -linear method. Some heuristic methods like motion estimation are also used for connectivity measurement, e.g. full search block matching [28] and optical flow based methods [29] .
Several studies [13] , [23] , [25] , [28] have used crosscorrelation and coherence to measure the brain connectivity at the scalp level. Cross correlation and coherence can be used to examine the possible pathways of couplings among the brain regions. However, cross-correlation algorithm does not provide information about the connectivity in specific brain rhythms. Thus, the Fourier based approaches are widely used as feature extraction mechanisms in analysing dynamic time series signals. The Fourier analysis transforms a signal into frequency representation. This kind of Fourier analysis can only be applied to the stationary signals where the timing information is not involved in the signal properties. For non-stationary signals like EEG, ordinary Fourier analysis is not sufficient. For dynamic signal analysis, a joint time-frequency method called Short-time Fourier Transform (STFT) can be used as this algorithm positions a window function on the time axis during Fourier analysis [30] . With STFT, the pre-processed EEG data is first segmented into short time segments. Fourier transform is then applied to each segment [31] . Coherence measures the degree of linear dependency of the two time series signals and it is a linear method for connectivity estimation in timefrequency domain. By using STFT with coherence analysis, the dynamic synchronization among the brain regions can be investigated with improved temporal information as compared to stationary coherence analysis.
In a recent algorithm [32] , Yu et al. used Granger causality (GC) to estimate brain effective connectivity. Correlation was used to estimate the neuronal synchrony. GC was then applied to estimate the direction of the dynamic information flow between neurons. It provides better resolution on the directionality of the dynamic information flow in the brain. But it does not provide information in the frequency domain as it measures the effective connectivity in the time domain. However, with the help of Fourier Transform, coherence can measure the FC in frequency domain [33] . In addition, using STFT, coherence can measure the FC in time-frequency domain. In our study, we are concerned about the dynamic changes of the neural coupling in the gamma band regardless of its directionality. Coherence has the advantage of capturing the undirected changes of brain connectivity over short durations of time in different frequency rhythms and the implementation of the algorithm is not as complex as GC. In [34] , Yu et al. used phase synchronization methods to estimate the coupling between EEG electrodes. This method minimizes the volume conduction problem and provides good time resolution. However, in order to estimate the connectivity in different brain rhythms, filtering is required because the Hilbert transform decomposes the signal into complex representation, not the frequency representation. Filter can be implemented to decompose the signals into rhythms of interest [24] . Signal transformation methods like wavelet transform can be used to decompose the signals into several bands of interest. Based on information discussed in the literature [24] , [32] - [34] , filtering or signal transformation method is required to decompose the signals into different bands of interest before the signals are transformed into complex representation to extract the instantaneous phases for PLV or PLI computation. The connectivity is then estimated using phase synchronization. Phase synchronization method requires filter to decompose the signal into gamma band. Thus, the cost of computation is increased. On the other hand, STFT estimates the power spectral density at different frequencies. Coherence indexes are computed based on these power spectral density values. Hence, filtering process is not required for this method. As a conclusion, coherence with STFT has an advantage of studying the FC in timefrequency domain. Moreover, coherence is better than phase synchronization methods in terms of computational cost.
Graph theory is a branch of mathematics that deals with the formal description and analysis of graphs. Graph theory provides a significant way of quantifying brain's FC. A graph is usually defined as a set of nodes connected by edges (links). The graphs may be directed or undirected. Four steps can be used to express the functional brain networks using graph theory. First of all, the network nodes must be defined before network construction. Hence, EEG electrodes, or anatomically defined regions of MRI or reconstructed sources from EEG Brain network construction can be defined as nodes. 2 nd step will be the generation of connectivity graphs. All pairwise couplings among the nodes (i.e. EEG electrodes) are identified as connectivity between the nodes. The 3 rd step is thresholding. A threshold is applied to each element of this matrix to produce a binary adjacency matrix or undirected graph. Lastly, graph parameters of interest are computed in order to analyse the complex network that can be used to quantify the brain connectivity.
Network density is the most common parameter in graph theory that measures the wiring cost of a network. It is expressed as the actual number of edges in the graph compared to the total number of possible edges. Another parameter is node degree. It can be defined as number of edges attached to a given node. Node centrality is a measure of how many shortest paths between all other node pairs in the network pass through a node [35] . Within the framework of network science, network hubs are generally defined as nodes that are positioned to have strong contributions to the global network function. Hubs can be computed using several different graph parameters, most of which express aspects of node centrality. The simplest graph measure used for identifying hubs is the node degree (also called degree centrality). A node with higher degree has higher influence over the network and therefore that particular node is the significant node and it can be defined as hub node. Whereas, the node with lower degree is quantified as non-significant node which does not have much influence over the network. A global aspect of centrality is computed by considering the layout of short connection paths among the nodes. Betweenness centrality(BC) is one of the parameters which is defined as number of short coupling paths that a node (or edge) participates in. This measure of betweenness centrality is related to communication processes, quantifying the proximity of each node to the rest of the network. Same as node degree, BC measures the ''importance'' of a node over the network. However, the BC is based on the shortest path modality. Hence we conclude that the hubs are often characterized by high betweenness centrality as well as high degree. Same as node BC, edge BC measures the significance of the connectivity among the brain regions [36] - [38] .
In [25] , Guo et al. utilized node degree to figure out the important nodes for brain FC during P300 period. They discovered that central electrode Cz has a clear P300 response for target stimuli. In [39] , Hassan et al. used high-resolution EEG and phase synchrony analysis associated with graph theory to quantify the brain connectivity during a cognitive task. They concluded that basic graph parameters such as network density, node degree and BC are very powerful to identify the activated macro-regions involved in such a complex task. The results show that left hemisphere is more involved during spelling task in different time segments as compared to the right hemisphere. The basic graph parameters show higher capacity to quantify this lateralization. In [40] , the researchers studied FC from EEG and fMRI during Stroop task using graph theory. They concluded that the presented approach using degree analysis was able to study differences in FC patterns elicited by cognitive (congruent condition) tasks. In [41] , Hagmann et al. have applied the graph theory approaches to the MRI data to quantify the brain structural network. The results show a structural core within posterior medial and parietal cerebral cortex, as well as several distinct temporal and frontal modules. Brain cortical regions that fall inside the structural core share higher node degree and BC and therefore, they constitute connector hubs that connect all major structural modules. In [42] , Engels et al. studied how the changes in FC and network hubs take place in Alzheimer groups when compared with different disease severities and control groups using EEG with connectivity estimation and simple graph theory methods. The graph parameters such as node degree and BC is important for identifying the significant nodes in a complex brain networks. In [43] , Zippo et al. were able to study temporal changes in brain functional networks using edge BC for visual working memory task.
Graph theoretical approaches have been widely used to quantify the brain FC of healthy and unhealthy subjects. In a recent research on Alzheimer's disease (AD) [44] , Yu et al. quantified the brain FC of AD patients using EEG data. Permutation disalignment index (PDI) was adopted to estimate linear coupling strength between the time series signals. The results show that the connectivity strength in AD group is weaker than the control group and the functional brain network of AD group is more homogenous than the control group. Lastly, disconnection was observed in AD networks. In [45] , Yu et al. studied brain functional network in healthy subjects under acupuncture stimulation. Autoregressive Burg method was used to compute power spectral density. Significant increase of EEG power was observed in delta and theta bands during and after acupuncture. The connectivity was estimated using synchronization likelihood. Graph parameters were used to quantify the functional network segregation. The results showed that acupuncture can improve the brain FC.
The aim of this study is to estimate the linear coupling among the brain regions using scalp signals for short time segments in a cognitive task. STFT based coherence was calculated for the recorded EEG signals from a visual oddball paradigm. Gamma band was used for the analysis as it is related to cognitive processing. Several graph theory parameters like node degree, network density and BC were used to describe the brain networks. Hence the 1 st objective of this study is to map the linear dependencies among brain networks as a function of time (functional connectivity) by simple graph modalities. The 2 nd objective is to track and differentiate between brain FC for different oddball tasks for healthy subjects.
The rest of the paper is organized as follows. Firstly, we will discuss the methodology that includes the data acquisition followed by a basic overview of STFT, coherence and graph parameters. After that, results will be evaluated followed by their discussion. Statistical analysis will be included as well. Finally, we will conclude the paper and discuss some future work. Fig. 1 shows the flowchart of the research. The EEG data was acquired for a visual oddball task. The raw data was pre-processed to remove the artifacts. After pre-processing, STFT was used to transform the EEG signals into timefrequency representation. Then, pairwise gamma band connectivity among the electrodes was estimated by computing the coherence and forming a connectivity matrix. A threshold (thd) value of 0.9 was applied to the matrix for binarization (element values less than thd were set to 0 and larger or equal to thd were set to 1) to form an undirected graph. The links among the electrodes after thresholding were plotted on the 2-D topographic map (topomap) for visualization. Lastly, brain functional networks were quantified using graph theoretical analysis. The details of the steps are discussed in the following sub-sections.
II. METHODOLOGY

A. EXPERIMENTAL SETUP AND DATA ACQUISITION
The EEG data was acquired by using 128-channel HydroCel Geodesic Sensor Net (GSN) EGI-EEG machine with a sampling rate of 250 samples/second. The data was VOLUME 6, 2018 FIGURE 1. Flowchart of the research. The steps involved are data acquisition, pre-processing, STFT, connectivity estimation using coherence, thresholding, plotting of topographic maps and graph theory analysis.
acquired from 20 healthy subjects with an age of around 19-23 years with normal or corrected-to-normal vision. The data of 2 subjects was found inconsistent and hence removed from the study. The EEG data was acquired for a visual oddball experiment. Oddball experiment is usually designed for evoked ERP research. In a visual oddball task, the subjects are required to differentiate the infrequent target stimuli within a series of rapidly presented frequent non-target stimuli. In our experiment the target (circle) and non-target (square) stimuli were randomly displayed on the computer screen for a duration of 500ms. In between the two stimuli a dark screen (fixation) appears for 1000ms. The subjects were instructed to focus on the computer screen. They were required to press a button when the target stimuli appear on the screen. Response is not required for non-target stimuli. Target stimuli appeared on the screen for 40 times whereas the non-target stimuli appeared for 95 times in random order. Fig. 2 shows different screens that appear during the data acquisition by the oddball experiment.
The sampling rate of the EEG system is 250 samples per second. The stimuli appear for a time interval of 500 ms, hence the maximum length of epoch is 125 samples. For target stimuli with response case, the data acquisition stops once the subject responds, hence the length of the epoch for this case can be less than 125 samples. The raw data was exported from net-station into Matlab format. The data was pre-processed to form the clean data. A band-pass finite impulse response (FIR) digital filter with a bandpass frequency from 0.5 Hz to 70 Hz was used to remove the DC components and high frequency artifacts. The filtered EEG data were plotted using EEGLAB function called eegplot. The EEG samples that consist of artifacts induced by eye movement, muscles contraction and other visible disturbances were manually labelled on the plots. The marked samples were then discarded manually. The clean EEG data was saved in .mat format for further analysis. The clean data of 18 subjects was averaged for gamma mean ERP analysis.
Oddball experiment is divided into 4 different tasks, i.e. target with response (TR), target with no response (TNR), nontarget with response (NTR) and non-target with no response (NTNR). Target stimuli with response means that the subjects have responded correctly when the target stimuli appear. Target stimuli with no response means the subjects failed to respond to the target stimuli. Non-target stimuli with response means the subjects responded to the non-target stimuli which is considered as incorrect response. Non-target stimuli with no response means the subjects did not respond to the nontarget stimuli and this is considered as the correct response. Table 1 gives an overview of the performance of all subjects. Based on the table 1, the minimum no. of trials in TNR case is three. Hence for fair comparison between the tasks, the maximum no. of trials selected for the analysis is three. Thus, we selected three trials from each subject for the different oddball tasks. For TR case, we selected the three trials from each subject based on the performance of the subjects. For TR case, the recording was ended when the subjects responded to the target stimuli. Thus, the three trials selected were the fastest, slowest and intermediate for each subject. For other cases, the three trials were selected randomly using Matlab function called randsample.
Averaging has been done for these trials (3 × 18 = 54 trials) for each case. The selected EEG trials are shifted to the right (shifting along time axis), so all selected signals are aligned with the event when the button is pressed (response-locked ERP). Note that the shifting process is only applicable to the TR case. For single trial analysis, the shifting is not required for TR as well as other cases.
B. STFT
Theoretically, STFT [30] positions a window function w(t) at time τ on the time axis, the Fourier transform of the windowed signal f (t) is then calculated, it is given as follows:
STFT is applied with Hamming window having the size of 20 samples. The overlapping is equal to 4 samples. The overlapping value is chosen based on the experiments. 256 Discrete Fourier Transform (DFT) points are used.
C. COHERENCE
Coherence measures the degree of linear dependency between two EEG time series signals in frequency domain. Equation (2) shows the mathematical representation of the magnitude squared coherence (MSC) in time-frequency domain [30] .
where R 2 xy (τ, f ) denotes the coherence coefficient, S xy (τ, f ) denotes cross-correlation spectrum of windowed x(t) and yt) signals and S x (τ, f ) and S y (τ, f ) represent auto-correlation spectrums of windowed x(t) and y(t) signals respectively. Equations (3), (4) and (5) show the mathematical expressions of cross-correlation spectrum and auto-spectrum correlation of signals x(t) and y(t) respectively.
where X (τ, f ) and Y (τ, f ) are STFT expressions of signal x(t) and y(t) respectively. The range of coherence coefficient varies from 0 to 1. Zero coherence coefficient means that the signals x(t) and y(t) are orthogonal while unity means that the signals are identical.
D. CONSTRUCTION OF THE GRAPH
For graph construction, 19 electrodes are chosen from the original 128 electrodes for the analysis [23] , [46] - [48] . These electrodes follow the 10-20 electrode placement system [49] . In our case, Cz electrode was the reference electrode and hence it was not included for analysis. Number of paired electrodes was computed as follows:
where n is the number of paired electrodes. EEG coherence for each oddball case for 171 pairwise coherence of 19 electrodes is computed to form the connectivity matrix for each segment. All pairwise associations among the 10-20 electrodes were compiled into matrix form to generate the connectivity matrix. The elements of the matrix show the strength of the links between the electrodes. The elements that have lower strength (less than a threshold) and the diagonal VOLUME 6, 2018
elements were removed. The matrix was then binarized to form a binary graph also known as undirected graph.
E. CONNECTIVITY VISUALIZATION
To visualize connectivity, the topographic maps (topomaps) were plotted using a function topoplot available in EEGLAB toolbox [50] . The electrode location file for 128-channel HydroCel GSN was added to the function to plot the electrode locations on the topomap. It should be noted that only 19 out of 128, 10-20 electrodes were used for. The electrodes were labelled by using Matlab function. The scalp was divided into regional representation (lobes) based on 10-20 electrode placement system [49] . The linkages obtained from the undirected graph were plotted on the topomap using straight lines.
F. GRAPH THEORY ANALYSIS
To quantify the brain functional network, we calculated the following graph parameters: Network Density: Network density (NDEN) measures the physical wiring cost of the network. It is the ratio of number of edges in the graph to the total number of possible edges. Mathematically, it is expressed as Equation (7):
where L denotes the number of links and N denotes total number of nodes. Node Degree: Node degree is a simple approach to measure the network hub. The degree of a node is the number of connections that link to the node. Equation (8) shows the mathematical expression of node degree.
where k i denotes the degree of a node i, a(i, j) is the connection status among nodes i and j and N is the set of all nodes in the network. Node Betweenness Centrality: Node betweenness centrality (NBC) is another approach to measure the network hub. NBC is defined as the fraction of shortest paths between any pair of nodes that travel through the node. Mathematically, NBC of a node i is expressed as Equation (9):
where L(s, t)(i) is the total number of shortest paths between a source node s and a target node t that pass through node i and L(s, t) is total number of all shortest paths linking node s to t. Edge Betweenness Centrality: Edge betweenness centrality (EBC) is also an approach to measure the network hub. EBC is defined as the fraction of shortest paths between any pair of nodes that travel through the node. Mathematically, EBC is given by Equation (10):
where E (p, u) denotes number of shortest paths between nodes p and u and E (p, u) e (i, j) denotes the number of these shortest paths making use of the edge e (i, j). The NBC and EBC can be normalized for better comparisons. Equation (11) shows the normalization.
where NomBC denotes normalized BC value and n denotes the total number of nodes. All graph parameters in this research are computed using Brain Connectivity Toolbox (BCT) [51] .
III. RESULTS AND DISCUSSION
For fair comparison, only three cases such as TR, TNR and NTNR were used in the analysis. To reduce the complexity, 19 out of 128 electrodes were selected for EEG FC analysis based on 10/20 electrode placement system. The 19 electrodes were defined as the node of interests for the network analysis. Coherence is used to estimate the connectivity among the nodes (edges). All pairwise couplings are represented by connectivity matrices and the undirected graphs are generated by applying binary-thresholding approach. Several graph parameters such as network density, node degree, NBC and EBC are computed to quantify the brain functional network. In the subsequent sections, outcome of the time varying functional network will be discussed. Comparisons between three different oddball tasks will also be carried out.
A. GRAND AVERAGE ANALYSIS
Three trials were randomly selected from each of the 18 subjects. ERP signals from a total of 54 trials (18x3) were averaged out to form the grand-average ERP signal for each task (TR, TNR, NTNR). Timing alignment is only required for the trials for TR, hence the ERP signals are aligned with respect to the event when the button is pressed. Gamma band decomposition of post-processed EEG signals is done. The grand-average ERP signals were segmented into several time segments/clusters and the segmented data was used to compute all possible edges using coherence. These edges are represented in connectivity matrix form which consists of the nodes and the strength of the edges. A threshold value of 0.9 was used with the connectivity matrix to form an undirected (binary) graph to assess the brain functional network. Using graph theory analysis, several graph parameters were extracted from the connectivity graphs to characterize these graphs in different time segments. Fig. 3 shows the topomaps of the edges obtained using coherence with the connectivity strength of 0.9 for TR, TNR and NTNR tasks. The lines indicate the coupling (edges) among the nodes (electrodes) with the strong connectivity (strength >= 0.9). The epochs (500 ms time interval) were divided into six time segments (0-80 ms; 81-160 ms; 161-240 ms; 241-320 ms; 321-400 ms; 401-500 ms). The purpose of dividing the grand-average ERP into subsegments is to evaluate the changes of the functional networks over short durations of time. In this way we can observe how the properties of brain functional networks vary in different segments of time. Hence in this study, the epoch was divided into 6 segments. Based on the results from the trial and error paradigm, we found that optimal segment size is about 6. If we select larger time intervals, accuracy to track the dynamic changes of the brain network will be lower as the changes within the time interval will not be captured. On the other hand, if the time interval is shorter, 'network duplication' issue is observed, as some of the neighbouring segments share similar networks. It means that no significant difference in the networks can be observed between these segments. Thus, the time interval of 80 ms is found optimum for our study. Therefore, we selected the six segments/clusters for this study.
In addition in our previous study [29] , we applied crosscorrelation algorithm to estimate the FC on the scalp level. There also the entire epoch was divided into 6 clusters with an interval of 80 ms. The results showed that the 6 segments are sufficient to capture the changes of the FC. In another study [24] , Mheich et al. used K-mean based segmentation algorithm to cluster the epoch of a cognitive task into different functional states to study dynamic changes of the brain functional networks. The algorithm shows that the optimal clusters are about 6. Hence by going through trial and error paradigm and the literature reviews, we believe that 6 clusters are optimum for this study. Fig. 3(a) shows the topomaps of the edges for TR case. The 1 st two segments for TR may not be accurate due to shifting error. However, we found some noteworthy information in the 1 st two segments. Fronto-occipital coupling and occipitotemporal couplings are observed in the 1 st segment and some linkages over occipital, temporal and parietal regions were observed in the 2 nd segment. In the 3 rd segment, a dense network was observed over occipital, temporal, parietal and frontal regions. Few connections among central and other regions were also observed in this segment. In the 4 th and 5 th segments, dense network was observed over parietal, temporal and occipital lobes. Interconnections among frontal and other regions were observed in 4 th segment however, those connections were not observed in 5 th segment. Only some intra-connections were observed. In the last segment, interconnections among frontal and temporal lobes were observed. Fig. 3(b) shows the topomaps of the edges for TNR case. In the 1 st segment, dense network was observed over temporal, parietal and occipital regions. Lighter network was observed over frontal and central regions. In the 2 nd segment VOLUME 6, 2018 dense network was observed over frontal, temporal, parietal and occipital regions. No central connection was observed. The 3 rd cluster corresponds to the time interval 161 ms to 240 ms where connections appeared mainly in the bilateral frontal, temporal, occipital and parietal lobes with predominance of right frontal lobe. A network was then identified in the 4 th segment associated with the existence of connections mainly located in the frontal, temporal, occipital and parietal lobes. Lighter network was observed in 5 th segment whereas dense network over occipital, parietal and temporal regions was observed in last segment. A central connection was observed in last segment. Fig. 3(c) shows the topomap of the edges for NTNR case. Network in 1 st segment consists of frontotemporal and dense occipito-parieto-temporal connectivity. In 2 nd and 3 rd segments, the network was distributed over the brain regions except central region. In 4 th segment, few connections were observed over parietal, temporal and occipital regions. In 5 th segment, network was distributed over frontal densely and other regions like central, parietal, temporal and occipital regions. Inconsistent result was observed in last segment. Consequently, result from this segment is not discussed in this section as well as subsequent sections. Fig. 4 shows the network density graph for the three cases. For better analysis, the graph was clipped due to the inconsistent result from NTNR in the last segment. For TR, peak was observed at the 3 rd segment. The network density keeps on decreasing after 3 rd segment till the end of the event. TNR shows similar trend as TR in 1 st five segments, however the density increases in the 6 th segment. A small variation in the density value was observed in 1 st three segments for NTNR case. Higher fluctuation was observed in the subsequent segments. P300 was observed at 392 ms which lies in the 5 th segment [29] . TR case has higher network density at 3 rd , 4 th and 5 th (P300 period) segment. Generally, TR has greater network density in the segments before P300 and during P300. This result is correlated with the results from a P300 speller study and an auditory oddball study reported in [25] and [27] .
In order to study the effect of the randomness caused by the random selection of trials, we repeated the experiment three times and computed the mean and standard deviation (Std Dev) to study the effect. These values are included in Fig. 4 and 8 , from where we observe that some of the density values are exactly same as the mean values whereas other network density values are different from the respective mean values. However, these differences are not critical as the Std Dev is not high. Most of the density values lie within the Std Dev. Some outliers were found, however, the outliers are not critical. Hence, we believe that the effect of the randomness is not high for this research. Kindly refer to the figures in supplementary data (Fig. A-F Table 2 shows the comparison of the lobe activation for three oddball cases. The node degree of each particular lobe are summed up to form lobe activation. In P300 period for TR case, temporal, parietal and occipital regions have higher activations compared to the other two cases. Frontal lobe has higher activity for NTNR case in 5 th segment whereas lower frontal activation is present in TR and TNR cases. In fact, the subjects have made correct decision (respond to target and no response to non-target) for TR and NTNR cases respectively. Consequently, frontal activation in both cases is definitely higher than TNR case where the subjects failed to make correct decision and eventually were not able to respond VOLUME 6, 2018 to the target stimuli. Besides, temporal lobe has higher activity for TR case compared to TNR and NTNR cases. This is due to the reason that the understanding (recognition) and working memory are required for target detection. On the other hand, occipital activation is significant in early state of the visual oddball experiment for example before P300 period because it is related to visual processing. TR case has higher occipital activation before P300 period compared to other two cases. Same as occipital, parietal activation is also significant after stimulus onset because parietal lobe has the function of perception (cognitive processing) and it also has influence on decision making process. TR case has higher parietal activation before P300 period whereas TNR and NTNR cases have lower activation. After the P300, the temporal, parietal and occipital activations start to drop till the end of the event. This phenomenon is only observed in TR case whereas in other cases, the activation fluctuates till the end of the event. In 3 rd and 4 th segments for TR case, the object (target stimuli) might be successfully recognized by the subjects since temporal, parietal and occipital lobes were highly activated. Once the decision is made by the subjects, visual processing and perception are not required for the event and thus the activations decrease gradually till the end. For TNR case, the subjects were not able to recognize the target early (before P300 period); may be the subjects encountered the problem in decision making and eventually the subjects were not able to respond to the target stimuli before the end of the event (500 ms). Least central activations were observed over the segments for the three cases. Thus, we believe that central activations are not active in gamma band.
In summary, the brain activation in TR case is higher than the other two cases over the brain regions such frontal and parietal regions [6] , [52] . Occipital and temporal activations were also observed in the three cases [53] . In addition, higher frontal and parietal activity which correspond to target stimuli processing was observed in TR and TNR cases as compared to NTNR case [54] . Higher central activity was observed in TR case than other cases which is also reported in [29] . Activation goes low after the peak is observed.
Tables 3 shows the normalized result for NBC analysis for different time segments for TR, TNR and NTNR. Kindly refer to supplementary data (Tables B-D) for full visualization of normalized NBC values. For TR case, occipital and parietal nodes have higher NBC value at 1 st two segments. Moreover, occipital node has highest value which is related to the visual processing. In 3 rd segment, temporal node has highest value of NBC. In 4 th segment, higher BC values were observed over parietal and temporal nodes. During P300 period, parietal node has highest BC value. In last segment, higher NBC values were observed over frontal and temporal nodes. As mentioned previously, visual processing and object recognition are required in the segments before P300 period. Thus, occipital, temporal and parietal activity was observed over the segments. The results are quite consistent with other studies as reported in the previous section. During P300 period, parietal and frontal activity should be present for decision making process however frontal BC value was not observed here. However, parietal electrode has higher BC value than other electrodes in 4 th and 5 th segments. In a study [55] , the authors stated that the parietal region loses its hub status as lower clustering coefficient was observed in vascular dementia patients during P300 period. Since our data was recorded from healthy subjects, we confirm that parietal region has significant activity during P300 period. For the last segment, motor response is required for the target stimuli. However, central NBC value is not present here.
For TNR case, small NBC value was observed in the 1 st segment. In 2 nd segment, highest value was observed over temporal node. At 3 rd segment, the higher BC values are distributed over frontal and temporal nodes. In the 4 th segment, the higher values have been observed over temporal and occipital nodes. At 5 th segment, the higher values were observed over frontal and occipital nodes. Lastly, frontal and parietal nodes have higher BC values in the last segment. Insufficient visual processing and perception affect the object recognition process before the P300 period and eventually no P300 was elicited. Thus, the subjects were not able to respond to the target stimuli.
For NTNR case, temporal node has highest NBC value in the 1 st segment whereas occipital and frontal nodes have higher BC value in TR case. In 2 nd segment, the peak occurred over frontal and occipital nodes. The peak is observed in temporal node during 3 rd segment. No BC values were observed in 4 th segment. In 5 th segment, higher frontal, parietal and occipital BC values were observed. In the last segment, BC analysis has inconsistent results. Higher BC values of parietal, occipital and temporal nodes were observed in 2 nd segment which are related to visual perception and object recognition. In 5 th segment, the subjects have made decision to have no response to the non-target stimuli. In summary, this analysis provides a good view of how the dynamic changes of hub status happened in the brain regions in different time segments for visual oddball task.
Theoretically, EBC expresses the number of short connections that an edge participates in. The betweenness of an edge is the fraction of all shortest paths that cross the edge. Edges with high values of BC participate in a large number of shortest paths. Again, we assume that the brain electrical signal which carry neural information travels through the shortest path basis. An edge with higher BC value implies that more information is transmitted between cortical regions via that particular edge. Therefore, EBC can be used to determine the significant functional connections of brain at different time segments. Fig. 5 shows the top five significant functional connections on 2D scalp maps for the three the oddball cases for different time segments. Significant edges with higher EBC value will be taken into account. Fig. 5(a) shows the FC for 6 segments for TR case. Intra-occipital, fronto-parietal, occipito-parietal and occipito-temporal links were observed in 1 st segment. In 2 nd segment, no frontal connection was observed. The connections were mainly observed over occipital, parietal and temporal regions. However, the occipital links disappear in subsequent two segments. In 3 rd segment, denser frontal linkages were observed. Several inter-lobe connections such as fronto-temporal and parieto-temporal links were observed as well. Lastly, intra-frontal, fronto-temporal, parieto-temporal and parietal-central links were found. Fig. 5(b) shows the significant functional connections for TNR case for 6 segments. Intra-frontal, parieto-occipital VOLUME 6, 2018 and occipito-temporal links were observed in 1 st segment. Interconnections over parietal, frontal, temporal and occipital lobes were found in 2 nd segment. Several intra-connections were discovered over two areas namely, frontal and temporal lobes in 3 rd segment as well as several interconnections like fronto-temporal, parieto-temporal and occipito-temporal links. No frontal links were observed in 4 th segment. However, the connections mainly located in parietal, occipital and temporal areas were found. In 5 th segment, interconnected links such as fronto-occipital, parieto-occipital and occipito-temporal links were observed as well as occipital intra-connected link. In last segment, fronto-parietal, parieto-occipital links were observed as well as intra-frontal links. Fig. 5(c) shows the significant functional connections for NTNR case for 6 segments. Intra-frontal, parietooccipital, occipito-temporal and parieto-temporal links were observed. Several interconnections like fronto-parietal, fronto-temporal, fronto-occipital and occipito-temporal links were observed in 2 nd segment. In 3 rd segment, parietotemporal and occipito-temporal links were found as well as frontal intra-connection. Only four significant connections were found in 4 th segment. Namely, parieto-temporal and occipital intra-connected links. In 5 th segment, frontoparietal, parieto-central and occipito-parietal interconnected links were observed as well as some intra-connected links such as frontal and occipital links. Lastly, connections were observed unilaterally over left hemisphere of brain. The connections were fronto-parietal, fronto-temporal as well as several intra-links, for example frontal links.
Theoretically, segments before P300 segment correspond to visual processing, object detection and object recognition. P300 segment corresponds to decision making whereas last segment corresponds to motor event. Fronto-occipital and occipito-parietal links were observed in 1 st two segments which correspond to visual processing and visual perception respectively as the subjects visually sensed and perceived the target stimuli [56] , [57] . In addition, we found a significant parieto-temporal link in the early state of the event which corresponds to visual attention [58] , [59] . Thus, we believe that interactions among frontal, temporal, parietal and occipital are significant for target detection during early states of visual tasks as those interactions correspond to visual perception and attention. The next phase will be object recognition which involves semantic information encoding and working memory. In 2 nd , 3 rd and 4 th segments, occipito-temporal, occipito-parietal, fronto-temporal and parieto-temporal links were observed which correspond to memory encoding and accessing of visual semantic information of the presented visual object [23] , [24] , [60] . In other words, those neural linkages existed before P300 are related to object recognition [39] .
In summary, those interactions are important for target detection and object recognition that involve visual processing, visual attention, semantic encoding and working memory processing. Based on the results, we believe that the subjects have recognized the target stimuli. Once the target stimuli are recognized, the subject made the decision to respond to the target stimuli which elicited the P300 response. In 5 th segment, higher parietal activity was observed which is significant for attention and decision making under unpredictable situation like stimuli presented in random order [9] . In a connectivity study in dementia patients during a visual oddball task using graph theoretical approach [55] . They noted that the parietal region of patients loose its hub status during P300 duration compared to control group based on result of clustering coefficient. According to this literature, we conclude that the parietal lobe is highly connected to other regions. Moreover, fronto-temporal link which is strongly involved in decision making was observed in last segment [24] . Therefore, we can conclude that the parietal region in 5 th segment and fronto-temporal link in 6 th segment is significant for decision making which elicited P300 event.
For TR case, the subjects responded to the target stimuli by pressing the button. Parieto-central link was observed in the last segment. The link between parietal and central regions are related to visually triggered motor movement [61] , [62] . Another link between temporal and parietal lobes was observed in last segment. This link was observed while the motor response is given [39] . Thus, we believe that neural couplings among parieto-central and parieto-temporal regions are important for motor response.
For TNR case, the subjects failed to make decision hence failed to respond to the target stimuli. As compared with TR case no P300 was observed for TNR. The reason why the subjects failed to make decision still remains unclear. Based on our observation, we believe that something went wrong during object recognition phase. According to the results, same as TR case, the occipital lobe was highly connected to temporal and parietal lobes in the early state of the event which corresponds to visual processing and perception. The subjects have visually sensed and perceived the target stimuli. However, in next state, we found less fronto-temporal connections as compared to TR case. Based on this observation, we believe that insufficient fronto-temporal links caused the failure in object recognition. The subjects were not able to recognize the target stimuli that caused the failure in decision making. Also parieto-central and parieto-temporal links were not found as in TR case in last segment and therefore, the subjects were not able to respond to the target stimuli. In summary, we believe that interactions among parietal, frontal and temporal regions which correspond to working memory are significant in object recognition. Moreover, interactions among parietal, temporal and central regions are significant for motor response.
In NTNR case, we could not find any significant central links in last segment as the response was not required from the subjects. Same as TR case, we found significant links among occipital, temporal and parietal lobes. Two similarities were found over TNR and NTNR cases. First, no central links were observed in last segment as subjects did not respond although response is required for target stimuli whereas no response is required for non-target stimuli. Secondly, both cases show least fronto-temporal links in the object recognition phase . Theoretically, the subjects made correct decision to give no response to non-target stimuli. We believe that the subjects have recognized the object successfully, however, we have noted insufficient working memory happened in the state before P300 as least fronto-temporal connectivity is observed. Fortunately, denser fronto-temporal connections were observed in last segment of NTNR case. In between, fronto-parietal links also be observed. We believe that the subjects have recognized the non-target stimuli and make decision to have no response instantly. For NTNR case, the subjects took longer time than TR case to recognize the objects. However, the subjects in NTNR case took shorter time to make decision. We believe that the transition time among object recognition and decision making for TR case is longer than NTNR case. Table 1 gives an overview of the performance of all subjects. Based on Table 1 , S9 (Subject 9) has better accuracy than S2 (Subject 2), i.e. greater number of correct trials for TR. We compared the network density between the subjects with high accuracy and low accuracy for TR. Fig. 6 shows the network density of S2 and S9 for TR case. It is observed that S9 has higher network density than S2. Thus, the subject with higher accuracy has higher brain connectivity for TR case.
B. STATISTICAL ANALYSIS
In this section, group difference in FC is statistically evaluated. Statistical comparisons of FC between different oddball tasks and baseline (resting state) were carried out using twoways Analysis of Variance (ANOVA) with significance level of p ≤ 0.05. We used two-level factorial design without replication to perform two-ways ANOVA using statistical software Minitab. The purpose of this statistical test is to investigate whether the FC evaluated from oddball cases and from baseline signals are significantly different across different time segments. Fig. 7 shows the comparison of significant links between two oddball cases. There were several common as well as VOLUME 6, 2018 different links between electrodes, elicited by different events. In the early states of the visual event, we observe that the links correspond to visual processing and visual perception. Hence, connections among frontal, temporal, parietal and occipital lobes are significant for target detection in which the visual perception and attention are involved. Based on the result, we found that target detection triggered the linkages between frontal, occipital, parietal, temporal and central regions. Next state will be the object recognition which involves semantic information encoding and working memory. We found interactions between frontal, parietal, temporal and occipital regions. These interactions are found before P300 event which corresponds to semantic processing and working memory. The important states of this task are the P300 event and motor response given by the subjects. Based on the result, we found that intra-frontal connectivity exists in last two time segments which is significant for decision making and motor event. Besides, connections between frontal and central regions as well as frontal and parietal regions were found. These connections correspond to decision making, motor planning and integration. Fronto-temporal link was observed over last two segments. This link is important for decision making. Moreover, parieto-central link was observed in last segment which is important for motor response. Lastly, intra-frontal links were observed in every segment. We believe that these links are important for cognitive task.
In 1 st segment of TNR case, no occipital link (for example fronto-occipital link) was observed as compared to TR case. Link between parietal and occipital lobe was not found at 2 nd and 3 rd segments. Based on this observation, we believe that the visual processing is not triggered by the target stimuli. There is no interaction between parietal and occipital regions which may cause the insufficient visual processing and perception. No fronto-temporal link was observed in the 4 th segment hence the subjects were not able to recognize the target stimuli and the decision making process is not elicited. In the last two segments, firstly no intra-frontal links were observed. Secondly connection between frontal and central regions was not found. Thirdly the connection between central and parietal regions was also not found in the last segment. Hence insufficient decision making and motor integration resulted. As compared to TR case, less occipital activity happened in early state of the TNR case. In addition, no fronto-temporal activity is observed over the segment before P300. Very little frontal activity and central activity in the last two segments. Therefore, we conclude that interaction between frontal, central and parietal regions are important for decision making and motor-related event, which is not present in TNR case.
NTNR case elicited least fronto-occipital and parietooccipital links in early states which is similar to TNR case. We believe that subjects were not visually attentive. In fact, the subjects only have to pay attention to target stimuli. Similar to TNR case, connection between central and parietal regions was not observed in the last segment as compared to TR case. However similar to TNR case, dense parietal activity was observed across P300 period as compared to TR case. Very little central activity was observed over the last segment.
Parietal lobe plays an important role in visual perception [63] . Significant connectivity among parietal and occipital regions during the early state of the event corresponds to target detection [64] . From our study, we found that this significant connectivity is present for TR case during early state of the event while it is not present for NTNR case [65] . We believe that the parieto-occipital links that correspond to target detection which involved visual target processing and perception are triggered by the target stimuli instead of non-target stimuli. However, these links were not observed in TNR case. Hence the subjects failed to detect the stimuli and eventually failed to respond to the target stimuli.
For TR case, P300 event is important as the subject make decision to respond to target stimuli. According to a study [64] , the connections among parietal regions change to fronto-central regions. Based on the result, the parietal activity is decreased in TR case during last two segments. No P300 for TNR and NTNR cases, thus we are not able to observe this change in TNR and NTNR cases. Therefore, we believe that the parietal connectivity decreased during P300.
Central activation corresponds to decision making and frontal activation is involved in decoding of the decision into appropriate response from working memory [8] . The intra-frontal connectivity corresponds to the retrieval of the task relevant information from working memory. In addition, the neural linkage between these two regions is significant in decision making and motor planning. Hence, we believe that the intra-frontal and fronto-central links are significant for cases with correct response. For TR and NTNR cases, the correct responses were given by the subjects. Thus, the link between frontal and central regions were observed in TR and NTNR cases across the last two time segments. This link was not present in TNR case.
The central region is responsible for decision making and motor integration [61] . Parietal cortex is responsible for a wide array of motor, perception, sensory and cognitive functions however it is mainly significant for motor planning [63] . We believe that neural communication between central and parietal regions corresponds to motor planning and integration which is normally elicited by sensory event that requires the motor response. This interaction was observed during the cognitive task in which the motor response is given [62] at the time instant near the end of the epoch [61] . In our study, we found the link over the last segment in TR case. The link was not observed in other two cases. Therefore, we conclude that this link is related to the motor planning and integration and it will be appeared in last segment for TR case. Fig. 8 shows the network density plot (from significant links) of the FC for the three oddball cases with respect to baseline. For TR case, peak was observed at 3 rd segment. The network density keeps on decreasing till 5 th segment and finally the density increased in the last segment. For TNR case, it has similar trend line from 1 st segment till 2 nd segment and from 4 th segment till the end. A significant drop and increase was observed from 2 nd to 3 rd segments and 3 rd to 4 th segments respectively. NTNR case has similar trend as TNR case from 1 st segment till 4 th segment. After 4 th segment, increase was observed till the end. Generally, TR case has higher density than TNR case for all segments except 1 st segment. TR also has higher density than NTNR case except for last two segments.
Compared to previous density plot in Fig. 4 it's not very different for TR. However, few changes are observed in 3 rd and 4 th segments for TNR and NTNR. One-way ANOVA test was performed to compare the difference between the density plots for the three cases. Table 4 shows the results for the significance level of the density plots. According to Table 4 , TR vs TR (after computing significant links with baseline) and NTNR vs NTNR (after comparison with baseline) are not significantly different. From the plots, we can observe that they have similar trend line for both cases. However, TNR vs TNR (after comparison with baseline) is significantly different. The plots have different trend lines at 3 rd and 4 th segments. Hence significant difference was observed for these two segments. Therefore, we believe that the change in density of the connectivity in TNR case is because of target detection, object recognition and decisionmaking.
Summary of Findings:
In this research, we used a visual oddball paradigm to study the effect of the cognitive task on brain activity and FC. The oddball event was studied for TR, TNR and NTNR. The epoch was divided into six time segments to capture the effect of each oddball task on brain activation and FC in different time segments. With the help of graph parameters, we quantified the brain functional networks for this study. In addition, we also computed the statistical significance of the different oddball tasks by comparing the oddball tasks versus oddball task-resting state using the graph parameters.
We used four graph parameters for brain activation and FC analysis, which are summarized here. Network density captured dynamic changes of the couplings between brain regions elicited by different oddball tasks. Based on the result, higher density was observed over 3 rd , 4 th and 5 th segments in TR as compared to other tasks. Thus, target stimuli elicited denser connectivity than non-target stimuli and P300 response also elicited denser connectivity. Node degree was used to study the dynamic changes of the brain activations in different brain lobes. We summed the node degree of all the electrodes in a lobe to form lobe degree to represent the lobe activation. The purpose is to capture the dynamics of change in the lobe activation over short time durations in different oddball cases. Higher brain activity in different lobes elicited by target stimuli and P300 response was observed in TR as compared to the other two cases. NBC is used to evaluate the significant nodes for different oddball tasks in different brain functional states. It also evaluates the dynamic changes of the hub status in different time segments for different oddball cases. Results show that parietal lobe is the hub of the network elicited by P300 response. Occipital, temporal and parietal lobes are important for target detection and object recognition. EBC captured the dynamic changes of the brain FC in different time segments.
Hence Based on Graph Parameters We Had the Following Observations:
1) The connections between occipital, temporal, frontal and parietal lobes were observed in different time segments before P300 which correspond to target detection and object recognition in TR case. These connections can be used to differentiate TR and TNR case. 2) Insufficient frontotemporal links caused the object recognition process to fail and eventually no P300 was observed in TNR case. On the other hand, these links were observed in NTNR case but appeared later than TR case. The subjects required longer time to recognize the absence of target stimuli.
3) Parieto-central and parieto-temporal links were observed over last segment in TR case which are elicited by motor response. Such links were not observed in TNR and NTNR cases in which the motor response was not observed. 4) Lastly, occipito-temporal and occipito-parietal links were observed in the early state of the visual event in the three cases. These links correspond to object detection and visual processing.
Based on our observations we have the following findings that relate the effect of the oddball events on brain activity and FC in different time segments: 1) the brain activity and the couplings among different brain regions in different states/time segments like target detection, visual processing, object recognition, decision making and motor response during oddball events are different and can be captured by our proposed method. 2) the effect of significant connections triggered by specific brain functions (as mentioned in 1) for different oddball tasks in different states were sufficiently evaluated. 3) the differences between the oddball cases in terms of brain activation and significant connectivity are also quantified. These differences were used to explain the reasons WHY the subjects are not able to respond to the target stimuli in TNR case and the effect of target stimuli and non-target stimuli on decision making for correct response in terms of brain connectivity.
Based on the literature review in 1 st section, it is observed that the graph theory metrics have been widely used to investigate the features of the brain functional network on different datasets such as Alzheimer's disease and external stimulation. However, graph theory metrics have not been used commonly in cognitive studies (such as oddball task). In our oddball study, we divided the entire epoch into segments (based on functional states like visual processing, target detection, object recognition, decision making, P300 response and motor response). According to our present findings, we believe that we discovered the preliminary ideas about 1) The dynamic changes of brain activation and connectivity between different states during oddball tasks. 2) Differences between oddball tasks in terms of brain connectivity and activation.
IV. CONCLUSION AND FUTURE RECOMMENDATIONS
In this paper we have used, STFT, Coherence and graph theory to construct the brain network for brain FC analysis for visual oddball task. We have applied the graph theoretical approaches such as thresholding, network density, node degree, NBC and EBC to quantify the brain functional network. The results of our study show that we are able to track the dynamic changes of brain connectivity, regional activations as well as the hub status for short time durations.
According to our present findings, we believe that we discovered the preliminary ideas about: 1) The dynamic changes of brain activation and connectivity between different states during oddball tasks. Different activation and connectivity were observed in different states for different oddball cases. 2) Differences between oddball tasks in terms of brain activation and connectivity. Connectivity and activation that elicited by P300 and motor response were observed in TR case as compared to others.
The present findings suggest that our proposed methodology is able to identify differences in FC patterns elicited by different oddball cases in different time segments.
Hence we believe that our method can be adapted to study the neurodegenerative disorders like Alzheimer disease (AD) in which the impairment of the functional cognitive networks (elicited by cognitive tasks like simple visual oddball paradigm) of the AD patients can be studied in comparison to the sensory-triggered networks [66] . Our study can be used to track the dynamic changes of the brain network over the time for AD patients and normal people. The tracked functional networks can be used to compare patients and normal people which may provide fundamental understanding of the disease.
It is known that FC analysis using non-invasive EEG has a methodological issue of lower spatial resolution caused by volume conduction problem [67] . EEG signals are measured from the scalp instead from the source, hence EEG signals recorded from two consecutive electrodes are easily influenced by same underlying source. Estimated coherences based on scalp signals do not exactly reflect the true neural communication between two cortical regions [68] . To overcome the volume conduction problem, non-linear approaches, e.g., phase-locked value [69] and imaginary part of coherence [70] can be adapted in the future work. Such methods provide conservative measures of FC that is insensitive to volume conduction. Another approach for FC analysis is by using reconstructed source signals. Many researchers have claimed that the source connectivity techniques provide higher spatial and temporal resolution [71] , [72] . In future, we plan to use source localization technique associated with non-linear methods to study the dynamic changes of brain networks over the short durations of time. 
